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ABSTRACT: Catastrophic impacts associated with tropical cyclone (TC) activity mean that the accurate and timely
provision of TC outlooks are important to people, places, and numerous sectors in Australia and beyond. In this study, we
apply a Poisson regression statistical framework to predict TC counts in the Australian region (AR; 58–408S, 908–1608E) and
its four subregions. We test 10 unique covariate models, each using different representations of the influence of El Niño–
Southern Oscillation (ENSO), Indian Ocean dipole (IOD), and southern annular mode (SAM) and use an automated
covariate selection algorithm to select the optimum combination of predictors. The performance of preseason TC count
outlooks generated between April and October for the AR TC season (November–April) and in-season TC count outlooks
generated between November and January for the remaining AR TC season are tested. Results demonstrate that skillful TC
count outlooks can be generated in April (i.e., 7 months prior to the start of the AR TC season), with Pearson correlation
coefficient values between r 5 0.59 and 0.78 and covariates explaining between 35% and 60% of the variance in TC counts.
The dependence of models on indices representing Indian Ocean sea surface temperature highlights the importance of the
Indian Ocean for TC occurrence in this region. Importantly, generating rolling monthly preseason and in-season outlooks
for the AR TC season enables the continuous refinement of expected TC counts in a given season.
KEYWORDS: Australia; Tropical cyclones; Climatology; Forecasting; Seasonal forecasting; Statistical forecasting

1. Introduction
Globally, 80–90 tropical cyclones (TCs) on average occur
across the tropical oceans each year (Emanuel 2003). However,
there is a high degree of year-to-year variability in the number of TCs that occur, with Henderson-Sellers et al. (1998)
estimating this variability to be ;10% globally and up to 40%
for some regions. The Australian region (AR; 58–408S, 908–
1608E) is no exception with an average of 10.9 TCs per season,
and a range of between 5 and 20 TCs occurring during the AR
TC season (November–April) between 1980 and 2009 (Chand
et al. 2019).
The temporal variability of TCs, and uncertainties associated with TC outlooks, hinders preparedness, and can amplify
TC-related impacts and associated costs and damage. For
example, in Australia, TCs account for the majority of normalized insurance losses (29%) between 1966 and 2017,
compared to other natural perils including hail (27%), flood
(15%), bushfire (12%), storm (10%), and earthquake (5%)
(McAneney et al. 2019). As such, the accurate and timely
provision of tropical cyclone outlooks for Australia are
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important for a range of people, industries, and services
across the nation.
Early efforts to produce seasonal TC forecasts for the
Australian region include those of Nicholls (1979), who
generated a statistical forecast scheme to predict TCs using
pressure anomalies over Darwin, Australia. This technique
was subsequently updated to include sea surface temperature
around the tropical Pacific Ocean and northern Australia as a
predictor of TC activity (Nicholls 1985). Subsequent prediction
schemes have since followed (Liu and Chan 2012; McDonnell
and Holbrook 2004a,b; Nicholls 1992; Nicholls et al. 1998; Solow
and Nicholls 1990; Werner and Holbrook 2011; Wijnands et al.
2015), all of which use an index or indices representing El Niño–
Southern Oscillation (ENSO) as model predictors. The wellestablished ENSO–TC relationship has been comprehensively
investigated for the AR (Basher and Zheng 1995; Chand et al.
2013; Dowdy and Kuleshov 2012; Evans and Allan 1992;
Goebbert and Leslie 2010; Kuleshov et al. 2008a; Ramsay et al.
2008; Dare and Davidson 2004). During El Niño conditions, the
eastward migration of favorable conditions required for TC
genesis (Gray 1975), results in a systematic shift of TCs toward
the northeast, typically resulting in fewer TCs occurring in the
AR. During La Niña, enhanced TC activity is observed around
eastern Australia and off the northwest coast of Australia
(Kuleshov and de Hoedt 2003). The northeast/southwest shifts
in TC activity during El Niña/La Niña phases (e.g., Magee et al.
2017) make ENSO an important predictor for TC activity in the
AR region.
Since approximately 1998, a decline in the predictive skill of
ENSO-derived AR TC forecasts has been reported (Dowdy
2014). Ramsay et al. (2017) found that including Indian Ocean
SST variability alongside predictors of ENSO can assist in
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FIG. 1. Five Australian tropical cyclone outlook region bounds including the Australian
region (AR; 58–408S), eastern region (AR-E; 58–408S, 142.58–1608E), northern region (AR-N;
58–408S, 1258–142.58E), northwest subregion (AR-NW; 58–258S, 908–1258E), and western region (AR-W; 58–408S, 908–1258E). Regional TC-season climatology (TCs/season) between
November and April is calculated between 1970 and 2019.

mitigating any loss in the predictive skill of ENSO-driven TC
forecasts since 1998. Other studies have also investigated the
role of Indian Ocean SST variability on TCs in the AR (Liu and
Chan 2012; Saha and Wasimi 2013) and areas of the overlapping southwestern Pacific (SWP) basin (1358E–1208W;
Magee and Verdon-Kidd 2018). For the AR and subregions,
Wijnands et al. (2015) found that the dipole mode index (DMI)
was the most frequently used index used in support vector
regression models, when considered among a host of other
indices, including eight ENSO indices. This is also consistent
with Magee et al. (2020) in which indices representing Indian
Ocean SST variability were most frequently selected for predicting TC counts for island and regional-scale TC outlooks
across the SWP region.
Other climate influences are also known to influence TC
activity in the Australian region, including the Madden–Julian
oscillation (MJO; Hall et al. 2001; Lavender and Dowdy 2016)
and interdecadal Pacific oscillation (IPO; Grant and Walsh
2001). One climate influence that has not been explored for
the AR, in terms of its influence of TC behavior, but has
been for the neighboring (and partly overlapping) SWP, is
the southern annular mode (SAM). Diamond and Renwick
(2015) found that a synergy between SAM and ENSO
shows an increased number of SWP TCs undergo extratropical transition reaching farther south during positive
SAM and La Niña conditions, which may have implications
for the east coast of the AR, where exposure is high. Magee
et al. (2020) demonstrated that SAM was an important
contributor to improving the skill of TC outlooks in the SWP.
SAM has previously been shown to be associated with seasonal
hydroclimatic variability across Australia (Hendon et al.
2007; Gillett et al. 2006; Risbey et al. 2009; Kiem and
Verdon-Kidd 2009; Gallant et al. 2012), which suggests

SAM should also be considered for inclusion in TC prediction schemes for the AR.
The Australian Bureau of Meteorology (BoM) produces a
statistically driven operational TC outlook for the AR and its
subregions, including the eastern region (AR-E; 58–408S,
142.58–1608E), the northern region (AR-N; 58–408S, 1258–
142.58E), the northwest subregion (AR-NW; 58–258S, 1058–
1308E), and the western region (AR-W; 58–408S, 908–1258E).
Outlooks are derived in October for the coming November–
April TC season using two linear discriminant models that
are based on the July–September average of the Southern
Oscillation index (SOI) and Niño-3.4 index. Operational outlooks produced by the BoM provide a lead time of less than
1 month before the official start of the AR TC season but provide essential information for decision-makers, stakeholders,
and a host of other industries in TC impacted areas.
While previous studies have investigated methods to improve the statistical skill of TC forecasts in the AR (Werner
and Holbrook 2011; Liu and Chan 2012; Wijnands et al. 2014,
2015, 2016; Ramsay et al. 2017), few investigate how the dynamics associated with co-occurring Pacific, Indian, and Southern
Ocean climate variability [i.e., ENSO, Indian Ocean dipole
(IOD), and SAM] can be used in a predictive modeling
framework, or how increasing outlook lead time can impact the
predictive skill of TC outlooks. In this study, we train and
validate multivariate Poisson regression models to predict TCs
in the AR and its four subregions. We evaluate different indicators of ENSO, IOD, and SAM and utilize an automated
model selection algorithm to determine the most statistically
significant combination of predictors. We also explore whether
it is possible to generate skillful TC outlooks up to 6 months
ahead (from April) of when current TC outlooks are generated
(October) for the November–April TC season and investigate
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TABLE 1. Model covariates used to build predictor models, including ENSO indices (1–10) and non-ENSO indices (11–14).
Index
1 Niño-112
2 Niño-3
3 Niño-3.4
4 Niño-4
5 Southern Oscillation
index (SOI)
6 Coupled ENSO
index (CEI)
7 Oceanic Niño
index (ONI)
8 Trans Niño
index (TNI)

9 ENSO Modoki
index (EMI)

10 ENSO longitudinal
index (ELI)
11 Marshall southern
annular mode
(SAM) index
12 Indian Ocean dipole
east box (IOD E)
13 Indian Ocean dipole
west box (IOD W)
14 Dipole mode
index (DMI)

Detail

Source

Avg SSTs in the Niño-112 region (08–108S,
ERSSTv5 (Huang et al. 2017)
908–808W)
Avg SSTs in the Niño-3 region (58N–58S,
ERSSTv5 (Huang et al. 2017)
1508–908W)
Avg SSTs in the Niño-3.4 region (58–58S,
ERSSTv5 (Huang et al. 2017)
1708–1208W)
Avg SSTs in the Niño-4 region (58N–58S,
ERSSTv5 (Huang et al. 2017)
1608E–1508W)
Atmospheric index calculated using the
NOAA CPC
pressure diff between Tahiti and Darwin
Three-month smoothed Niño-3.4 and SOI
ERSSTv5 for Niño-3.4 and
using a 1970–2018 anomaly period
NOAA CPC for SOI
Three-month running mean of Niño-3.4 SSTs, ERSSTv5 (Huang et al. 2017)
based on changing base period consisting of
sliding centered 30-yr base periods
Diff in normalized SST anomalies between
HadSST1.1 (Rayner et al. 2003)
the Niño-112 and Niño-4 regions
until November 1981 and
NCEP NOAA OI (Reynolds
et al. 2002) after
ERSSTv5 (Huang et al. 2017)
Diff in monthly SSTs between Modoki A
(108N–108S, 1658E–1408W), Modoki B
(58N–158S, 1108–708W), and Modoki C
(208N–108S, 1258–1458E) and calculated
using EMI 5 Modoki A 2 (0.5 3 Modoki
B) 2 (0.5 3 Modoki C)
Index based on the longitudinal extent
(Williams and Patricola 2018)
of ENSO
Station-based index based on zonal pressure ERSSTv5 (Huang et al. 2017)
diff between 408 and 658S; anomalies
and HadISST (Rayner
calculated between 1970 and 2018 are used
et al. 2003)
SST anomalies in the IOD E region (eastern ERSSTv5 (Huang et al. 2017)
pole of DMI; 08–108S, 908–1108E)
SST anomalies in the IOD W region (western ERSSTv5 (Huang et al. 2017)
pole of the DMI; 108N–108S, 508–708E)
Diff in SST anomalies between IOD W and
ERSSTv5 (Huang et al. 2017)
IOD E

the usefulness of producing rolling monthly, in-season TC
outlooks to refine predictions for the latter and most active half
(e.g., Chand et al. 2019) of the Australian TC season.

2. Data and methods
a. TC data and study area
TC data are accessed from the Australian Best-Track
Tropical Cyclone Database that is managed and maintained
by the BoM (BoM 2020a). This dataset contains historical best
tracks for TC events south of the equator between 908 and
1608E from 1906 to present. Only TCs for which minimum
central pressure is equal to or less than 995 hPa that occur
within the official AR TC season (November–April) between
1970 and 2019 are considered in this analysis (Nicholls et al.
1998; Kuleshov et al. 2008b, 2012; Wijnands et al. 2014). Given
that the Australian TC season straddles the Gregorian calendar year, events that occur during November and December
are considered to be part of the following year’s TC season (see
Dowdy 2014). For example, TCs that occur in November or

Reference
Trenberth and
Stepaniak (2001)

Barnston et al. (1997)
Glantz (1996)
Troup (1965)
Gergis and Fowler (2005)
Kousky and Higgins (2007)

Trenberth and
Stepaniak (2001)

Kim et al. (2011)

Williams and
Patricola (2018)
Marshall (2003)

Saji et al. (1999)

December 2018 are considered to be part of the 2019 TC season. A total of 50 TC seasons (1970–2019) are analyzed in
this study.
TC outlooks are derived for each of the five Australian
TC outlook regions (see Fig. 1; BoM 2020b) including AR
(58–408S, 908–1608E), AR-E (58–408S, 142.58–1608E), AR-N
(58–408S, 1258–142.58E), AR-NW (58–258S, 1058–1308E),
and AR-W (58–408S, 908–1258E).

b. Model covariates used for TC outlooks
Ten predictor models are considered in this analysis. Oceanic
(e.g., Niño-3.4), atmospheric (e.g., SOI), and both oceanic–
atmospheric [e.g., coupled ENSO index (CEI)] derived ENSO
indices are included in this analysis (see Table 1 for a detailed list
of model covariates and Fig. 2 for a diagrammatic summary).
Although numerous ENSO indices exist, there is no consensus
on which one best captures the ENSO phenomenon (Hanley
et al. 2003) or which method should be used to classify ENSO
events (Kiem and Franks 2001). To avoid multicollinearity
between selected indices that would be detrimental to model
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FIG. 2. Indo-Pacific climate indices (model covariates) considered in this analysis. Indices representing ENSO
include Niño-112, Niño-3, Niño-4, Niño-3.4, SOI, EMI, CEI, ONI, TNI, and ENSO longitudinal index (ELI).
Other indices considered include the SAM, IOD W, IOD E, and DMI (the index acronyms are defined in Table 1).
Ten predictor model combinations used in analysis are summarized to the right of the panel and in Table 1.
Monthly-averaged lags (lag 1–6) are generated for each outlook initiation period.

performance (O’Brien 2007; Villarini et al. 2012), each predictor model contains one unique ENSO index, coupled with
the following indices: SAM, IOD east (E), IOD west (W), and
DMI (see Table 2).
Each predictor model contains monthly values that vary
depending on the model initialization month. Six monthly lags
of each covariate are included per model. The combination of
monthly lags is dependent on which month the model is initialized. Ten model initialization months are considered, including seven ‘‘preseason’’ models, initialized on a monthly
basis between April and October (for the coming November–
April), and three ‘‘in season’’ models that are initialized in
November, December, and January, providing predictions for
the remaining December–April, January–April, and February–
April TC seasons, respectively.

c. Model development and variable selection
For rare, discrete events, such as TC counts (Wilks 2011),
Poisson regression has been shown to be an effective methodology to model expected TC counts using one or more
geophysical variables (predictors) (Elsner and Schmertmann
1993; McDonnell and Holbrook 2004a,b; Sabbatelli and Mann
2007; Magee and Verdon-Kidd 2018; Magee et al. 2020).
Consistent with these studies, we use a model based on Poisson
regression:
P(Yi 5 y) 5

myi exp(2mi )
,
y!

y 5 0, 1, 2, . . . ,

(1)

where
"

#

mi 5 exp b0 1 å(bj xij ) .

(2)

j

Here, mi is the expected number of TC counts with covariate
values xij for the j predictors on the ith observation; bj refers to
the regression coefficient for each covariate, and b0 refers to
the intercept.

Using the entire predictor model dataset (each containing
six variables with six monthly lags—36 covariates in total), the
stepAIC (Akaike Information Criterion) R function (MASS
package; Ripley et al. 2020) was used to perform a backward
and forward stepwise search in order to select the most appropriate combination of covariates for a given scenario
(outlook region and model initialization period). StepAIC uses
the AIC (Burnham and Anderson 2004) as a selection criterion
for determining when the variable elimination procedure
should stop. Using the selected predictors from this stage, a
predicted TC time series is derived.
The performance of each prediction is evaluated using the
following metrics:
1) Pearson correlation coefficient (r; predicted TCs vs observed TCs),
2) coefficient of determination R2,
3) root-mean-square error (RMSE),
4) strike rate: exact (SR-E), the percentage of seasons for
which the prediction matches the observation,

TABLE 2. Ten covariate models used in the analysis. Individual
ENSO indices are combined with other indices including SAM,
IOD E, IOD W, and DMI. See Fig. 2 for a diagram illustrating the
indices considered in this analysis.
Model

ENSO index

Other indices

1
2
3
4
5
6
7
8
9
10

Niño-112
Niño-3
Niño-3.4
Niño-4
SOI
CEI
ONI
TNI
EMI
ELI

SAM, IOD E, IOD W, DMI

Unauthenticated | Downloaded 01/09/23 01:28 AM UTC

NOVEMBER 2020

1905

MAGEE AND KIEM

TABLE 3. Summary statistics for outlook models initiated in October for the November–April TC season for different regions and
model numbers (1–4). Model statistics are reported for three periods: (i) the full 1970–2019 training/calibration period, (ii) the shorter
1970–2009 training/calibration period, and (iii) the 2010–19 validation period. For the 2010–19 validation period, only SR-E (%) and SR 6
1 (%) are reported, because n 5 10 is too small to report other statistics. Pearson’s correlation coefficient r, R square, RMSE, SS (%),
SR-E (%), SR 6 1 (%), and AICc summarize the performance of the derived models (see the text for definitions). For AICc, model
performance (top value) is compared with the intercept-only model (bottom value). Superior models are selected using the highest skill
score for the 1970–2019 training/calibration period. Asterisks indicate that the correlation is significant at the 99% level.

1970–2019 training/calibration period
Correlation
R square
RMSE
SS (%)
SR-E (%)
SR 6 1 (%)
AICc
AICc diff (intercept-only model)
1970–2009 training/calibration period
Correlation
R square
RMSE
SS (%)
SR-E (%)
SR 6 1 (%)
AICc
AICc diff (intercept-only model)
2010–19 validation period
SR-E (%)
SR 6 1 (%)

AR
Model 1

AR-E
Model 2

AR-N
Model 1

AR-NW
Model 4

AR-W
Model 3

0.80*
0.65
2.16
64.82
18
54
223.52
271.38
47.86

0.71*
0.51
1.33
50.34
40
70
175.10
200.56
25.76

0.63*
0.39
1.22
39.44
32
80
166.51
192.56
25.75

0.59*
0.34
1.80
34.33
18
48
205.32
221.29
15.97

0.72*
0.52
1.65
51.83
30
58
196.64
228.65
32.01

0.83*
0.69
2.06
62.81
22.5
57.5
176.08
219.35
43.26

0.75*
0.57
1.31
50.64
30
77.5
139.80
164.79
24.98

0.60*
0.36
1.30
38.35
32.5
77.5
139.19
156.63
17.44

0.59*
0.34
1.87
32.13
25
52.5
168.35
180.69
12.34

0.71*
0.51
1.70
47.44
25
55
160.52
185.20
24.68

10
50

50
80

50
80

30
50

0
70

5) strike rate 6 1 (SR 6 1), the percentage of seasons for
which the prediction is 61 from the observation,
6) finite-sample corrected Akaike information criterion (AICc;
Burnham and Anderson 2004), a measure to assess model
overfitting and used to estimate the quality of a model relative
to another, and
7) skill score (SS; as per Roebber and Bosart 1996).
Skill score is defined as
SS 5 1 2

MSEf
MSEc

,

(3)

MSEf is
MSEf 5

1 N
å ( f 2 Oi )2 ,
N i51 i

(4)

where fi and Oi are the ith prediction and observation, respectively. Similarly, MSEc is defined by the substitution of
climatological values for the predictions fi in Eq. (4), such that
MSEc 5

1 N
å (O 2 Oi )2 ,
N i51

where the climatological prediction is defined by

(5)

O5

1 N
åO .
N i51 i

(6)

An SS of 1.0 (100%) indicates a perfect prediction, 0.0 (0%)
indicates a prediction as good as climatology, and negative
values indicate predictions that are less accurate than climatology (Roebber and Bosart 1996). In this analysis, a total of
500 model runs were performed (10 model initialization
months, 10 predictor models, and 5 forecast regions, including
the AR, AR-E, AR-N, AR-NW, and AR-W).

d. Cross validation: Evaluating outlook skill
To cross validate each model, we evaluate outlook skill by
validating model performance over the most recent 10 TC
seasons (2010–19) and training models on the first 40 TC seasons (1970–2009). This method of cross validation is preferable
in this case, over other methods of cross validation, such as
leave-one-out cross validation (LOOCV), as it enables validation over longer continuous time periods, which is particularly important for time series with a significant linear trend
(Magee et al. 2020). For the 1970–2009 training period, the
seven performance metrics (as outlined in section 2c) are calculated to enable comparison with models that have been
trained over the entire 50 TC season (1970–2009) time period.
For the validation period (2010–19), only SR-E and SR 6 1 are
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FIG. 3. Evaluation of predictor model performance for outlooks initialized in
October for the November–April TC season (see Table 1 for predictor model summary) for (a),(b) AR; (c),(d) AR-E; (e),(f) AR-N; (g),(h) AR-NW; and (i),(j) AR-W:
(left) Models trained on the entire 1970–2019 period. The secondary y axis summarizes
AICc difference (AICc intercept only 2 AICc model). (right) Cross-validation statistics
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calculated, because n 5 10 is insufficient to calculate other
performance metrics outlined in section 2c.

3. Results

validation SR-E (SR 6 1) statistics of 30% (70%) for the AR
and 40% (80%) for AR-NW and AR-W also highlight superior
model skill when models are trained on the first 40 seasons
and validated on the remaining 10 seasons.

SELECTING A SUPERIOR MODEL

a. Predictor model performance for October initiated
outlooks
Comparing predictor model skill shows substantial variability between each of the 10 models tested (see Table 3) and
outlook regions (Fig. 3). In Fig. 3, model statistics are summarized in the left panels for models trained on the entire 1970–
2019 period and in the right panels for models trained/calibrated
on the first 40 TC seasons (1970–2009) and validated on the
most recent 10 TC seasons (2010–19).
For models trained on the entire 1970–2019 period (left
panels in Fig. 3), models demonstrate good performance in
predicting TCs counts for the AR and various subregions. For
AR (m 5 10.6; s 5 3.6), TC outlooks are correlated with observations between r 5 0.6 and 0.81, have an SS between 49%
and 64%, and an SR-E between 10% and 26%. An SR-E of
26%, means that predictions match the observations for 13 of
50 seasons, and an SR 6 1 of 58% means that predictions
match the observations (61) for 29 of 50 seasons.
Models are also found to perform well for other subregional
outlook regions. For example, in the AR-E region (m 5 3.5;
s 5 1.9) an SR-E of up to 40% suggests that covariate model
2 (see Table 2) correctly predicts TC counts for 20 of the 50 TC
seasons. Further, an SR 6 1 of 70% for the same model suggests that the prediction was correct (61 TC) for 35 of the 50
TC seasons. For the AR-N (m 5 3.8; s 5 1.6), models were able
to successfully predict TC counts for 17 of 50 TC seasons
(SR-E 5 34%) and 61 TCs for 40 of 50 TC seasons (SR 6 1 5
80%). For other regions, SR-E (SR 6 1) values of 24% (58%)
for AR-NW (m 5 5.1; s 5 2.2), and 30% (66%) for AR-W
(m 5 6.5, s 5 2.4) also indicate that models perform well when
validated on the entire time series.
Evaluating cross-validation statistics (Fig. 3, right panels)
indicates comparable model performance between the full
calibration period (1970–2019) (Fig. 3, left panels) and the
shorter 1970–2009 calibration period. Validating model performance on the most recent TC seasons (2010–19), AR-E and
AR-N region models have an SR-E of 50%, meaning models
are able to successfully predict TCs for 5 of 10 seasons, increasing to up to 90% for SR 6 1 (AR-N). For other regions,

Given 10 predictor models are assessed in this study, a
thorough comparison is required to define the superior model.
To reduce the number of models and to compare models for
further analysis, we use the following two methods:
1) In method A, models with the highest SS when trained on
the entire 1970–2019 period (Fig. 3, left panels) are selected.
2) In method B, models with the highest SR-E for the 2010–19
validation period (Fig. 3, right panels) are selected. Where
more than one model has the highest SR-E, the following
conditions are considered: (i) models with the highest SR 6
1 (2010–19 validation) and (ii) model with the highest SS
(1970–2009 calibration/training period). The second condition for method B is only applied if two models share the
same SR 6 1 from the first condition.
By applying this selection criterion, different models are selected for AR, AR-NW, and AR-W. For AR-E and AR-N, the
same models are selected as they happen to both fulfill this
criterion.
For AR, the model identified using method A (model 1), has
an SR-E (SR 6 1) of 22.5% (57.5%) for the 1970–2009 calibration period (40 TC seasons), successfully predicting 9 (23)
TC seasons (Fig. 4a, red line). This performs better than the
model identified using method B (model 3; blue line), which is
based on superior SR-E performance on the 2010–19 validation period, which has an SR-E (SR 6 1) of 20% (45%) for the
1970–2009 calibration period, successfully predicting 8 (18) TC
seasons. Comparing SR-E and SR 6 1 for other regions during
the 1970–2009 calibration period suggests that, for AR-NE
(Fig. 4j) and AR-W (Fig. 4i), SR-E for method A (red lines) is
higher (25% for both regions) than models for method B (blue
lines; 20% and 12.5% respectively). For AR-E (Fig. 4c) and
AR-N (Fig. 4e), models identified using method A and B are
the same.
Not surprisingly, for the 2010–19 validation period, models
selected using method B are found to perform better than
models identified using method A, in terms of strike-rate statistics. For Australia, method A has an SR-E (SR 6 1) of 10%
(50%) versus 30% (70%) for method B. For the NE subregion,

when models are trained on 1970–2009 period (solid lines) and validated on the 2010–19
period (dashed lines). For the shorter 2010–19 validation period, only SR-E and SR 6 1
are included because of an insufficient sample size (n 5 10). Superior model performance
is based on two methods: highest model SS for the full training period (method A; left
panels) and highest SR-E for the 2010–19 validation period (method B; right panels). For
method B, where more than one model has the SR-E, the following conditions are
considered: (i) models with the highest SR 6 1 (2010–19 validation), (ii) model with the
highest SS (1970–2009 calibration/training period). Only the second condition is applied
if two models share the same SR 6 1 from the first condition. The superior models are
summarized on the top right of each panel and are analyzed further in Fig. 4.
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FIG. 4. For (a),(b) AR; (c),(d) AR-E; (e),(f) AR-N; (g),(h) AR-NW; and (i),(j) AR-W: (left) Comparison of observed and predicted TCs using two methods to define superior model performance. Method A (red line) is the model
with the highest SS when trained on the entire 1970–2019 period. Method B (blue line) is the model with the highest
SR-E for the 2010–19 validation period [see section 3a for more information on conditions associated with method B].
The linear trend of observed TCs is overlaid, with change per decade (TCs/decade) summarized in the panel labels.
On-panel percentage values indicate SR-E (SR 6 1 in parentheses) for models selected using method A (red text) and
method B (blue text) for the calibration (1970–2009) and validation (2010–19) periods; the thin vertical line denotes the
break between the calibration and validation periods. (right) Time series of observed and predicted TCs (method A)
when trained on the entire 1970–2019 period, with gray shading indicating the 5%–95% confidence interval. On-panel
percentage values indicate SR-E (SR 6 1 in parentheses) for models using method A for the entire 1970–2019 period.

method A has an SR-E (SR 6 1) of 30% (50%) versus 40%
(80%) for method B. For the AR-W, differences between the
two models are most apparent. Using method A, an SR-E of
0% means that for the 10 TC seasons considered in the

validation period, not one prediction matched the observation,
as compared with SR-E 5 30% for method B. However,
method A has a higher SR 6 1 (70%) relative to method
B (60%).
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FIG. 5. Variance time series of model overestimate (O) and model underestimate (U) for TC outlooks initiated in
October according to El Niño, La Niña, and neutral phases [calculated using Niño-3.4 November–April anomalies
(1981–2010 climatology): .10.58C 5 El Niño, ,0.58C 5 La Niña, and ENSO neutral is between 10.58C and
20.58C]. Positive values (O) indicate that the model has overestimated TC counts relative to observations.
Negative values (U) indicate that the model has underestimated TC counts relative to observations. The SR is the
percent of time that predicted TCs and observed TCs match between 1970 and 2019. On-panel statistics (%) for O
and U are also given.

Models identified using either method are useful in predicting TC counts. However, models using method A (highest
SS for entire 1970–2019 period) were selected for the following
reasons:
d

d

d

It is important to have a model that performs well across the
entire time series, not just the most recent period. For all
regions, a downward trend in TC counts is observed, up
to 21.04 TCs decade21 for the AR (Fig. 4). Evaluating model
skill/performance on the entire time series assesses a model’s
ability to reproduce this downward trend in TC counts.
Use of the first condition associated with method B does not
consider overall model performance, and if, by chance, SR-E
was high for a given model, there is a possibility that the
model would not perform well over the entire time series.
In the case of the 1970–2009 calibration period, method A
better captures extremes. For the AR, this is particularly
evident for relatively inactive TC seasons, where method B
tends to overestimate TC counts. A comparison of standard
deviation for the 1970–2009 indicates that method A (s 5
3.1) better captures the variability of observed TCs (s 5 3.7)
versus method B (s 5 2.9). For AR-NW/AR-W, method A
(s 5 1.4/1.8) also better captures the variability of observed
TCs (s 5 2.3/2.4) than method B (s 5 1.1/1.8).

Using method A, a comparison of predicted TCs when
trained on the entire 1970–2019 period is compared with observations for the five regions considered in this analysis (Fig. 4;
right panels). Confidence intervals (5%–95%) indicate that for
nearly all seasons, observations fall within these bounds.
Summary statistics for these outlook models are summarized in

Table 3. For the AR, selected covariates from model 1
(Table 2) explains 65% of the variance in seasonal TC frequency, successfully predicted TC counts for 9 of 50 seasons
(SR-E 5 18%) and 61 TCs for 27 of 50 seasons (SR 6 1 5
54%). For all other regions, selected covariates explain between 34% and 52% of the variance in seasonal TC frequency.
Investigation of model undercount and overcount does not
suggest a bias toward consistently underestimating or overestimating TC counts in a given region (Fig. 5). Also, it does not
suggest any bias toward underestimating/overestimating TC
counts according to phase of ENSO (when categorized according to Niño-3.4).

b. Evaluating predictor model performance for rolling
monthly preseason TC outlooks
Producing TC outlooks in October provides limited lead
time for those who depend on TC outlooks for planning and
decision-making. To establish how model skill varies according
to changing lead time, Fig. 6 compares model performance
metrics (for models trained between 1970 and 2019) between
April and October. For model initialization month, the same
model fitting and evaluation process is conducted [as outlined
in Fig. 3 and section 3a]. As such, the predictor model used to
generate the outlook may differ between months. Summary
statistics for each region and month of model initialization, as
well as model cross-validation statistics, are summarized in the
online supplemental material.
Using SS as a metric to determine which month provides the
most skillful outlook, Fig. 6 shows that the most skillful outlooks for the AR (70.2%), AR-E (57.4%), and AR-W (61%)
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FIG. 6. Evaluation of superior predictor model performance for preseason outlook model initialization between
April and October for the November–April TC season. Statistics are based on the 1970–2019 training period. Refer
to the online supplemental material for further information relating to selected predictor models and crossvalidation statistics.

are initiated in July. For the AR-NW, the most skillful outlook
is produced in June (54.9%), while for the AR-N, optimum
performance is August or September (57.9%). Relative to
outlooks initiated in October, improvements in SS of between
5.33% (AR) and up to 20.57% (AR-NW) are achieved by
initializing outlooks up to five months before the start of the
AR TC season. Also, strike-rate performance (SR-E and SR 6
1) suggests that generating outlooks before October can still
provide useful information for the preceding TC season. In
fact, for four of five regions (AR, AR-N, AR-NW, and AR-W),
higher SR-E statistics are observed for outlooks initiated between April and September than for those outlooks initiated in
October. For example, for AR outlooks, the highest SR-E is

achieved for outlooks initiated in June (26%; 13 in 50 seasons)
as compared with October (18%; 9 in 50 seasons). Other examples include AR-N, where SR-E in June is 38% (19 in 50
seasons) compared to 32% (16 in 50 seasons) for October initiated outlooks. AR-E is the only region where the SR-E for
October initiated outlooks (40%; 20 in 50 seasons) is higher than
the preceding six months (maximum SR-E up to 36% for April
initiated outlooks; 18 in 50 seasons). Analysis of cross-validation
statistics, specifically the 2010–19 validation period, shows that
generating outlooks also provides useful and skillful forecast
information (see Fig. S1 in the online supplemental material).
The relationship between observed TCs conditional on the
obtained predictions is summarized for each region and lead
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FIG. 7. Scatterplots comparing observed TCs (y axis) vs predicted TCs (x axis) for study regions (columns) and month of outlook model
run (rows). The dashed red line is the 1:1 (y 5 x) line. Solid black lines represent the linear regression of observed TCs against predicted
TCs. Squared correlation coefficient r2 is given in the top left of each panel.

time for November–April TC predictions in Fig. 7. If the linear
regression line (black line) is not close to the 1:1 (y 5 x) line,
this is indicative of forecast bias. For all outlook regions and
initialization months, both lines lie in close proximity, indicating no obvious forecast bias. However, in exploring

scenarios where models underpredict TC counts, particularly for active TC seasons (points above the 1:1 line toward
the upper right), models are more likely to underpredict
particularly active TC seasons than overpredict (also observed in Fig. 4). For AR, this is particularly obvious, where
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FIG. 8. Cross validation comparing performance of predicted TC counts between 2010 and 2019 using two approaches: (i) predicted TC
counts using the full 1970–2019 training period (red line), with 5%–95% confidence interval (gray shading), and (ii) predicted TC counts
from the 2010–19 validation set (models trained on 1970–2009 period; blue dots). Observed TC counts are overlaid (solid black line).
Panels are organized according to study region (columns) and month of outlook model run (rows).

models consistently underestimated up to four TC seasons,
where observed TCs counts are $16, over a number of
outlook lead times. For AR-N (TCs $ 6) and AR-NW
(TCs $ 8), underestimation for a number of outlook lead

times is also observed. Given each monthly outlook is retrained
with a different combination of monthly predictor models, the
persistent occurrence of this underestimation suggests a forecast
bias for particularly active TC seasons may be present.
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FIG. 9. Evaluation of superior predictor model performance for in-season model initialization runs for October
and November–January. Models run in October predict the entire November–April TC season. In-season outlooks
run in November, December, and January predict TCs for the remaining TC season: December–April, January–
April, and February–April, respectively. Statistics are based on the 1970–2019 training period. Refer to the online
supplemental material for further information relating to selected predictor models and cross-validation statistics.

To cross validate the impact of outlook lead times on model
performance, we compare observed TC counts with predicted
TCs (Fig. 8). Two predictions for the 2010–19 period are compared: (i) those using the full 1970–2019 period as a training set,
with 5%–95% confidence intervals applied (red line); and (ii)
those using the 1970–2009 training set, where the remaining
2010–19 period is the validation set (blue dots). For all cases (350
unique predictions), TC counts from the 2010–19 validation set
fall within the 5%–95% confidence intervals of the predicted
TCs from the full training set. Also, the differences between
both predicted TC time series are not impacted by increasing
outlook lead time. Figure 8 confirms that the methods to derive a

statistical TC outlook for Australia and subregions for a number
of lead times, up to six months before current operational outlooks, are not influenced by training period, and relationships
between predicted TCs are similar regardless of training period.
In summary, models perform well and demonstrate considerable skill when predicting November–April TC counts with
increasing lead times. The implications of increased lead times
and the potential of this outlook are discussed in section 4.

c. Evaluating the performance of in-season TC outlooks
While it is useful to predict seasonal TC counts before the
start of the TC season, in-season outlooks can provide further
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insight into how many TCs may occur before the end of the TC
season. Also, given that the second half of the Australian TC
season is more active than the first half (Chand et al. 2019), this
method provides an opportunity to refine TC outlooks for the
remaining TC season.
In this analysis, outlooks are initiated in November, December,
and January for the remaining December–April, January–April,
and February–April TC season, respectively. Figure 9 compares
model skill for outlooks initiated between October and January.
Note the statistics for October are the same as in Fig. 6 but provide
an important reference to how skill varies according to model
initiation month for in-season TC outlooks. With time, in-season
model SS statistics generally decrease because sample sizes and
associated variance decreases. For AR-N and AR-NW, small
increases in SS are observed in December (for January–April
outlooks) but swiftly decline by January, likely a result of reduced
sample size when dealing with a shortened TC season with which
outlooks are generated. Also, for every region, strike-rate statistics, SR-E and SR 6 1 are higher in January than in October. For
the AR region, modest increases in SR-E between October (18%;
9 in 50 seasons) and January (22%; 11 in 50 seasons) are observed,
while more substantial increases are observed in SR-E for the
smaller SR-E region; 18% (9 in 50 seasons) versus 38% (19 in
50 seasons). Large improvements in SR 6 1 are also observed for
all basins between October and January. Cross-validation statistics for in-season outlooks are summarized in Fig. S2 and Tables
S1–S5 of the online supplemental material.

d. Analysis of covariate selection for preseason and
in-season TC outlooks
The stepAIC function selected, on average, seven covariates
for models initialized between April and January. Per model run,
30 covariates (six monthly lags of five model covariates; see
Table 1) were available for selection. For all models, AICc are
calculated for fitted models and intercept-only models and
demonstrate a substantial improvement in model quality, (i.e., the
risk of model overfitting is minimized in this analysis; see Table 3
and Tables S1–S5 in the online supplemental material). While
some models may be more complex and less parsimonious than
others, AICc values $10 suggest models are not overfitted.
Analysis of the proportionality of model covariates for each
outlook region is summarized in Table 4. Indices representing
Indian Ocean SST variability (IOD E, IOD W and DMI) account for between 38.3% (AR-W) and 53.9% (AR-E) of predictor model covariates. IOD E and IOD W that make up the
individual poles of the DMI were more likely to have been
selected than the DMI itself. The prevalence of indices representing Indian Ocean SST variability is consistent with
Wijnands et al. (2015) who found that the DMI was the most
commonly occurring predictor for modeling TCs in the AR and
its subregions.
For ENSO indices, the trans-Niño index (TNI) was preferred for AR-N and AR-W. For other regions, the Niño-112,
Niño-4, and Niño-3 oceanic predictors were most preferred
(but do not present an overwhelming majority) for the AR,
AR-E, and AR-NW regions, respectively. The selection of
multiple ENSO indices highlights the diversity that including multiple ENSO indices can add to predictive modeling
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TABLE 4. Proportion (%) of model covariates for outlook model
runs from April to January.

Niño-112
Niño-3
Niño-3.4
Niño-4
SOI
CEI
ONI
TNI
EMI
ELI
SAM
IOD E
IOD W
DMI

AR

AR-E

AR-N

AR-NW

AR-W

8.8
0
0
5.0
0
6.3
5.0
3.8
0
6.3
15.0
18.8
31.3
0

2.6
5.3
0
7.9
5.3
3.9
0
3.9
0
0
17.1
25.0
26.3
2.6

0
0
0
6.5
0
0
9.7
12.9
3.2
0
21.0
33.9
9.7
3.2

5.6
8.5
0
2.8
2.8
2.8
7.0
4.2
4.2
0
22.5
22.5
16.9
0

4.3
4.3
0
4.3
0
4.3
0
27.7
0
0
17.0
12.8
25.5
0

(Kiem and Franks 2001; Tozer and Kiem 2017; Tozer et al.
2017). The influence of SAM (Marshall 2003) on TC counts
is also significant [between 15% (AR) and 22.5% (AR-NW)
of covariates], demonstrating that SAM is also a useful addition to the covariate set.

4. Discussion and conclusions
This study derives statistically driven TC outlooks for
Australia and its subregions. An automated covariate selection
algorithm is used to determine the best combination of predictors to predict TCs. Compared to other studies that explore
methods to derive TC outlooks/predictive models for Australia,
including simple linear regression approaches (Nicholls et al.
1998), Bayesian regression (Werner and Holbrook 2011), Poisson
regression (McDonnell and Holbrook 2004a,b) and machine
learning algorithms (Wijnands et al. 2015), this study is unique for
the following reasons:
1) An automated covariate selection algorithm is used that
allows the model to consider multiple ENSO, IOD, and
SAM indicators, with six monthly lags of each, enabling
the model to consider as many relevant parameters as
possible.
2) Given ENSO is the dominant mode of variability in the
Pacific, and the well-established ENSO-TC frequency relationship (Nicholls 1979; Chand et al. 2013; Ramsay et al.
2008), 10 unique combinations of covariates are tested, each
of which contained a different ENSO index. The subjective
choice of one, or a few, ENSO indices can potentially limit a
model’s prediction potential and given there is no consensus on defining or quantifying ENSO variability in one index (Hanley et al. 2003), considering as many ENSO indices
as possible enables selection of the most superior model per
region and outlook month.
3) The skill of rolling monthly outlooks are tested and show
that skillful preseason TC outlooks can be generated up to
seven months before the start of the TC season. In-season
outlooks are also tested and are found to provide useful
insights for the remaining TC season, particularly given the
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latter half of the Australian TC season is most active
(Chand et al. 2019).
Producing skillful TC outlooks that resolve the variability in
both Australian TC counts and ocean–atmosphere interactions
has the potential to reduce vulnerability and impacts associated with TC activity. The models presented in this analysis are
able to replicate this variability and the decreasing trend in TC
counts (Fig. 4). For the AR, outlooks generated in October and
trained for the entire 1970–2019 period are significantly correlated with observations up to r 5 0.80 and have an SS of
64.8% and an SR-E (SR 6 1) of 18% (54%). Models for other
locations also demonstrate impressive performance, particularly strike-rate statistics.
TC outlooks are typically derived in October, for the coming
November–April TC season. However, producing seasonal TC
outlooks as early as possible is desirable for decision-makers,
natural resource companies, agribusiness, and the insurance
industry (among other industries) to plan accordingly for the
TC season ahead. We show that generating monthly TC outlooks from April enables the continuous refinement of expected TC counts as the TC season approaches (and even after
the TC season has begun). This additional six-month lead time,
compared to current operational outlooks, enables improved
planning and preparation, particularly for seasons where
above/below average TC counts are expected. In-season TC
outlooks also revealed impressive performance, which allows
for continuous in-season refinement of TC counts. While a
trade-off between outlook lead time and predictive skill is a
particular issue in TC forecasting (Leroy and Wheeler 2008), it
does not appear to be a significant issue in this analysis.
While the modeling framework used in this study enables
inclusion of any predictor, such as multidecadal, or extratropical climate variability, model covariates considered in this
analysis were included for a number of practical reasons. First,
care was taken to choose appropriate covariates that are easily
accessible and regularly updated. Values one month prior to
the month of model initialization must be available for the
model to generate a prediction. As suggested in the introduction, inclusion of an IPO index may have improved model skill,
however, it was decided to exclude the IPO because of (i) issues
associated with multicollinearity between Niño-3/Niño-3.4 and
unfiltered IPO indices (Westra et al. 2015) and (ii) the absence of
the most recent monthly IPO values for filtered IPO indices
that are needed to run each TC outlook model. Also, the
MJO was not considered as a covariate in this analysis as
calculating a monthly average of the MJO would average its
location and intensity across multiple phase spaces. This would
be necessary for the MJO to conform with the other monthlyaveraged covariates that are input to each model. Future work
could investigate incorporating MJO as a model covariate,
which may add greater predictive skill to the model. The
methods and results presented in this paper offer a step forward for TC outlooks in the AR and demonstrate considerable
skill at predicting TC counts, especially for outlooks generated
up to seven months before the official start of the AR TC
season. Further work could investigate the relationship between covariates and TC forecasts with time and establish if the

addition of other covariates, such as the MJO, improve the
robustness of the models.
For Australia, the new TC outlook presented here, the LongRange Tropical Cyclone Outlook for Australia (TCO-AU),
provides a complementary perspective to regional outlooks
produced by the BoM and other agencies. For both preseason
and in-season outlooks, rolling monthly updates of TC counts
will be offered to allow consideration of the most recent
changes in ocean–atmosphere variability. At the start of each
monthly update, TCO-AU is retrained to incorporate TC
counts from the most recent TC season, increasing sample size,
and potentially reducing uncertainties associated with TC
outlooks with time. TCO-AU represents an additional source
of information that a range of end users can use to enhance
decision-making in the months leading up to (and within) a TC
season. TCO-AU guidance will be updated and made freely
available online (https://www.tcoutlook.com).
Acknowledgments. The authors are grateful to all referenced
in Table 4 who continue to update the climate indices used in
this study. These include NOAA_ERSST_V5 data provided by
the NOAA/OAR/ESRL/Physical Sciences Laboratory (https://
psl.noaa.gov/), the NOAA Climate Prediction Center, Gareth
Marshall (British Antarctic Survey) for providing the SAM index, and Christina Patricola and Ian Williams (Iowa State
University) for updating the ELI. Monthly updates of each
index allow TCO-AU to generate rolling-monthly outlooks.
The authors are also grateful to the Australian Bureau of
Meteorology for maintaining the Australian Best-Track
Tropical Cyclone Database and to Mr. Kim Colyvas at the
University of Newcastle, Australia, who advised on some
aspects of the method.
REFERENCES
Barnston, A. G., M. Chelliah, and S. B. Goldenberg, 1997:
Documentation of a highly ENSO-related SST region in the
equatorial Pacific. Atmos.–Ocean, 35, 367–383, https://doi.org/
10.1080/07055900.1997.9649597.
Basher, R., and X. Zheng, 1995: Tropical cyclones in the southwest
Pacific: Spatial patterns and relationships to southern oscillation and sea surface temperature. J. Climate, 8, 1249–1260,
https://doi.org/10.1175/1520-0442(1995)008,1249:TCITSP.
2.0.CO;2.
BoM, 2020a: The Australian tropical cyclone database. Accessed
1 March 2020, http://www.bom.gov.au/cyclone/history/.
——, 2020b: Australian tropical cyclone outlook. Accessed 7 August
2020, http://www.bom.gov.au/climate/cyclones/australia/
#tabs5Further-information.
Burnham, K. P., and D. R. Anderson, 2004: Multimodel inference:
Understanding AIC and BIC in model selection. Sociol. Methods
Res., 33, 261–304, https://doi.org/10.1177/0049124104268644.
Chand, S. S., K. J. Tory, J. L. McBride, M. C. Wheeler, R. A. Dare,
and K. J. E. Walsh, 2013: The different impact of positiveneutral and negative-neutral ENSO regimes on Australian
tropical cyclones. J. Climate, 26, 8008–8016, https://doi.org/
10.1175/JCLI-D-12-00769.1.
——, and Coauthors, 2019: Review of tropical cyclones in the
Australian region: Climatology, variability, predictability, and
trends. Wiley Interdiscip. Rev.: Climate Change, 10, e602,
https://doi.org/10.1002/wcc.602.

Unauthenticated | Downloaded 01/09/23 01:28 AM UTC

1916

JOURNAL OF APPLIED METEOROLOGY AND CLIMATOLOGY

Dare, R. A., and N. E. Davidson, 2004: Characteristics of tropical
cyclones in the Australian region. Mon. Wea. Rev., 132,
3049–3065, https://doi.org/10.1175/MWR2834.1.
Diamond, H. J., and J. A. Renwick, 2015: The climatological relationship between tropical cyclones in the southwest Pacific
and the southern annular mode. Int. J. Climatol., 35, 613–623,
https://doi.org/10.1002/joc.4007.
Dowdy, A. J., 2014: Long-term changes in Australian tropical cyclone numbers. Atmos. Sci. Lett., 15, 292–298, https://doi.org/
10.1002/asl2.502.
——, and Y. Kuleshov, 2012: An analysis of tropical cyclone occurrence in the Southern Hemisphere derived from a new
satellite-era data set. Int. J. Remote Sens., 33, 7382–7397,
https://doi.org/10.1080/01431161.2012.685986.
Elsner, J. B., and C. P. Schmertmann, 1993: Improving extendedrange seasonal predictions of intense Atlantic hurricane activity. Wea. Forecasting, 8, 345–351, https://doi.org/10.1175/
1520-0434(1993)008,0345:IERSPO.2.0.CO;2.
Emanuel, K., 2003: Tropical cyclones. Annu. Rev. Earth Planet. Sci., 31,
75–104, https://doi.org/10.1146/annurev.earth.31.100901.141259.
Evans, J. L., and R. J. Allan, 1992: El Niño/Southern Oscillation
modification to the structure of the monsoon and tropical
cyclone activity in the Australian region. Int. J. Climatol., 12,
611–623, https://doi.org/10.1002/joc.3370120607.
Gallant, A. J. E., A. S. Kiem, D. C. Verdon-Kidd, R. C. Stone, and
D. J. Karoly, 2012: Understanding hydroclimate processes in
the Murray-Darling Basin for natural resources management.
Hydrol. Earth Syst. Sci., 16, 2049–2068, https://doi.org/10.5194/
hess-16-2049-2012.
Gergis, J. L., and A. M. Fowler, 2005: Classification of synchronous
oceanic and atmospheric El Niño-Southern Oscillation (ENSO)
events for palaeoclimate reconstruction. Int. J. Climatol., 25,
1541–1565, https://doi.org/10.1002/joc.1202.
Gillett, N. P., T. D. Kell, and P. D. Jones, 2006: Regional climate
impacts of the southern annular mode. Geophys. Res. Lett., 33,
L23704, https://doi.org/10.1029/2006GL027721.
Glantz, M., 1996: Currents of Change: El Niño’s Impact on Climate
and Society. Cambridge University Press, 194 pp.
Goebbert, K., and L. Leslie, 2010: Interannual variability of
northwest Australian tropical cyclones. J. Climate, 23, 4538–
4555, https://doi.org/10.1175/2010JCLI3362.1.
Grant, A., and K. Walsh, 2001: Interdecadal variability in northeast Australian tropical cyclone formation. Atmos. Sci. Lett., 2,
9–17, https://doi.org/10.1006/asle.2001.0029.
Gray, W. M., 1975: Tropical cyclone genesis. Colorado State
University Department of Atmospheric Science Paper 234,
121 pp.
Hall, J. D., A. J. Matthews, and D. J. Karoly, 2001: The modulation of
tropical cyclone activity in the Australian region by the Madden–
Julian oscillation. Mon. Wea. Rev., 129, 2970–2982, https://doi.org/
10.1175/1520-0493(2001)129,2970:TMOTCA.2.0.CO;2.
Hanley, D. E., M. A. Bourassa, J. J. O’Brien, S. R. Smith, and
E. R. Spade, 2003: A quantitative evaluation of ENSO indices. J. Climate, 16, 1249–1258, https://doi.org/10.1175/15200442(2003)16,1249:AQEOEI.2.0.CO;2.
Henderson-Sellers, A., and Coauthors, 1998: Tropical cyclones
and global climate change: A post-IPCC assessment. Bull.
Amer. Meteor. Soc., 79, 19–38, https://doi.org/10.1175/15200477(1998)079,0019:TCAGCC.2.0.CO;2.
Hendon, H. H., D. W. J. Thompson, and M. C. Wheeler, 2007:
Australian rainfall and surface temperature variations associated
with the Southern Hemisphere annular mode. J. Climate, 20,
2452–2467, https://doi.org/10.1175/JCLI4134.1.

VOLUME 59

Huang, B., and Coauthors, 2017: Extended Reconstructed Sea
Surface Temperature, version 5 (ERSSTv5): Upgrades, validations, and intercomparisons. J. Climate, 30, 8179–8205,
https://doi.org/10.1175/JCLI-D-16-0836.1.
Kiem, A. S., and S. W. Franks, 2001: On the identification of
ENSO-induced rainfall and runoff variability: A comparison
of methods and indices. Hydrol. Sci. J., 46, 715–727, https://
doi.org/10.1080/02626660109492866.
——, and D. C. Verdon-Kidd, 2009: Climatic drivers of Victorian
streamflow: Is ENSO the dominant influence? Aust. J. Water
Resour., 13, 17–29, https://doi.org/10.1080/13241583.2009.11465357.
Kim, H. M., P. J. Webster, and J. A. Curry, 2011: Modulation of
North Pacific tropical cyclone activity by three phases of
ENSO. J. Climate, 24, 1839–1849, https://doi.org/10.1175/
2010JCLI3939.1.
Kousky, V. E., and R. W. Higgins, 2007: An alert classification
system for monitoring and assessing the ENSO cycle. Wea.
Forecasting, 22, 353–371, https://doi.org/10.1175/WAF987.1.
Kuleshov, Y., and G. de Hoedt, 2003: Tropical cyclone activity in
the Southern Hemisphere. Bull. Aust. Meteor. Oceanogr. Soc.,
16, 135–137.
——, L. Qi, R. Fawcett, and D. Jones, 2008a: On tropical cyclone
activity in the Southern Hemisphere: Trends and the ENSO
connection. Geophys. Res. Lett., 35, L14S08, https://doi.org/
10.1029/2007GL032983.
——, Z. Qi, R. Fawcett, and D. Jones, 2008b: Improving preparedness to natural hazards: Tropical cyclone seasonal
prediction for the Southern Hemisphere. Ocean Science,
J. Gan, Ed., Advances in Geosciences, Vol 12, World
Scientific, 127–143, https://doi.org/10.1142/9789812836168_0010.
——, and Coauthors, 2012: Seasonal prediction of climate extremes for the Pacific: Tropical cyclones and extreme ocean
temperatures. J. Mar. Sci. Technol., 20, 675–683, https://
doi.org/10.6119/JMST-012-0628-1.
Lavender, S. L., and A. J. Dowdy, 2016: Tropical cyclone track
direction climatology and its intraseasonal variability in the
Australian region. J. Geophys. Res. Atmos., 121, 13 236–13 249,
https://doi.org/10.1002/2016JD025562.
Leroy, A., and M. C. Wheeler, 2008: Statistical prediction of
weekly tropical cyclone activity in the Southern Hemisphere.
Mon. Wea. Rev., 136, 3637–3654, https://doi.org/10.1175/
2008MWR2426.1.
Liu, K. S., and J. C. L. Chan, 2012: Interannual variation of
Southern Hemisphere tropical cyclone activity and seasonal
forecast of tropical cyclone number in the Australian region.
Int. J. Climatol., 32, 190–202, https://doi.org/10.1002/joc.2259.
Magee, A. D., and D. C. Verdon-Kidd, 2018: On the relationship
between Indian Ocean sea surface temperature variability and
tropical cyclogenesis in the southwest Pacific. Int. J. Climatol.,
38, e774–e795, https://doi.org/10.1002/joc.5406.
——, ——, H. J. Diamond, and A. S. Kiem, 2017: Influence of
ENSO, ENSO Modoki and the IPO on tropical cyclogenesis:
A spatial analysis of the southwest Pacific region. Int.
J. Climatol., 37, 1118–1137, https://doi.org/10.1002/joc.5070.
——, A. M. Lorrey, A. S. Kiem, and K. Colyvas, 2020: A new
island-scale tropical cyclone outlook for southwest Pacific
nations and territories. Sci. Rep., 10, 11286, https://doi.org/
10.1038/s41598-020-67646-7.
Marshall, G., 2003: Trends in the southern annular mode from observations and reanalyses. J. Climate, 16, 4134–4143, https://
doi.org/10.1175/1520-0442(2003)016,4134:TITSAM.2.0.CO;2.
McAneney, J., B. Sandercock, R. Crompton, T. Mortlock,
R. Musulin, R. Pielke, and A. Gissing, 2019: Normalised

Unauthenticated | Downloaded 01/09/23 01:28 AM UTC

NOVEMBER 2020

MAGEE AND KIEM

insurance losses from Australian natural disasters: 1966–
2017. Environ. Hazards, 18, 414–433, https://doi.org/10.1080/
17477891.2019.1609406.
McDonnell, K. A., and N. J. Holbrook, 2004a: A Poisson regression
model approach to predicting tropical cyclogenesis in the
Australian/southwest Pacific Ocean region using the SOI and
saturated equivalent potential temperature gradient as predictors. Geophys. Res. Lett., 31, L20110, https://doi.org/10.1029/
2004GL020843.
——, and ——, 2004b: A Poisson regression model of tropical cyclogenesis for the Australian–southwest Pacific Ocean region.
Wea. Forecasting, 19, 440–455, https://doi.org/10.1175/15200434(2004)019,0440:APRMOT.2.0.CO;2.
Nicholls, N., 1979: A possible method for predicting seasonal
tropical cyclone activity in the Australian region. Mon. Wea.
Rev., 107, 1221–1224, https://doi.org/10.1175/1520-0493(1979)
107,1221:APMFPS.2.0.CO;2.
——, 1985: Predictability of interannual variations of Australian
seasonal tropical cyclone activity. Mon. Wea. Rev., 113, 1144–
1149, https://doi.org/10.1175/1520-0493(1985)113,1144:
POIVOA.2.0.CO;2.
——, 1992: Recent performance of a method for forecasting
Australian seasonal tropical cyclone activity. Aust. Meteor.
Mag., 40, 105–110.
——, C. Landsea, and J. Gill, 1998: Recent trends in Australian region tropical cyclone activity. Meteor. Atmos. Phys., 65, 197–205,
https://doi.org/10.1007/BF01030788.
O’Brien, R. M., 2007: A caution regarding rules of thumb for
variance inflation factors. Qual. Quant., 41, 673–690, https://
doi.org/10.1007/s11135-006-9018-6.
Ramsay, H. A., L. M. Leslie, P. J. Lamb, M. B. Richman, and
M. Leplastrier, 2008: Interannual variability of tropical cyclones
in the Australian region: Role of large-scale environment.
J. Climate, 21, 1083–1103, https://doi.org/10.1175/2007JCLI1970.1.
——, M. B. Richman, and L. M. Leslie, 2017: The modulating influence of Indian Ocean sea surface temperatures on Australian
region seasonal tropical cyclone counts. J. Climate, 30, 4843–
4856, https://doi.org/10.1175/JCLI-D-16-0631.1.
Rayner, N. A., D. E. Parker, E. B. Horton, C. K. Folland, L. V.
Alexander, D. P. Rowell, E. C. Kent, and A. Kaplan, 2003:
Global analyses of sea surface temperature, sea ice, and
night marine air temperature since the late nineteenth
century. J. Geophys. Res., 108, 4407, https://doi.org/10.1029/
2002JD002670.
Reynolds, R. W., N. A. Rayner, T. M. Smith, D. C. Stokes, and
W. Wang, 2002: An improved in situ and satellite SST analysis
for climate. J. Climate, 15, 1609–1625, https://doi.org/10.1175/
1520-0442(2002)015,1609:AIISAS.2.0.CO;2.
Ripley, B., B. Venables, D. M. Bates, K. Hornik, A. Gebhardt, and
D. Firth, 2020: Package ‘‘MASS.’’ Cran R Project, 170 pp.,
accessed 7 February 2020, https://cran.r-project.org/web/packages/
MASS/MASS.pdf.
Risbey, J. S., M. J. Pook, P. C. McIntosh, M. C. Wheeler, and H. H.
Hendon, 2009: On the remote drivers of rainfall variability in
Australia. Mon. Wea. Rev., 137, 3233–3253, https://doi.org/
10.1175/2009MWR2861.1.
Roebber, P. J., and L. F. Bosart, 1996: The complex relationship
between forecast skill and forecast value: A real-world analysis.
Wea. Forecasting, 11, 544–559, https://doi.org/10.1175/15200434(1996)011,0544:TCRBFS.2.0.CO;2.

1917

Sabbatelli, T. A., and M. E. Mann, 2007: The influence of climate state variables on Atlantic tropical cyclone occurrence rates. J. Geophys. Res., 112, D17114, https://doi.org/
10.1029/2007JD008385.
Saha, K. K., and S. A. Wasimi, 2013: Interrelationship between
Indian Ocean dipole (IOD) and Australian tropical cyclones.
Int. J. Environ. Sci. Dev., 4, 647–651, https://doi.org/10.7763/
IJESD.2013.V4.431.
Saji, N. H., B. N. Goswami, P. N. Vinayachandran, and T. Yamagata,
1999: A dipole mode in the tropical Indian Ocean. Nature, 401,
360–363, https://doi.org/10.1038/43854.
Solow, A., and N. Nicholls, 1990: The relationship between the
Southern Oscillation and tropical cyclone frequency in the
Australian region. J. Climate, 3, 1097–1101, https://doi.org/
10.1175/1520-0442(1990)003,1097:TRBTSO.2.0.CO;2.
Tozer, C. R., and A. S. Kiem, 2017: Large-scale ocean-atmospheric
processes and seasonal rainfall variability in South Australia:
Accounting for non-linearity and establishing the hierarchy of
influence. Int. J. Climatol., 37, 1180–1198, https://doi.org/
10.1002/joc.5074.
——, ——, and D. C. Verdon-Kidd, 2017: Large-scale oceanatmospheric processes and seasonal rainfall variability in
south Australia: Potential for improving seasonal hydroclimatic forecasts. Int. J. Climatol., 37, 861–877, https://doi.org/
10.1002/joc.5043.
Trenberth, K., and D. Stepaniak, 2001: Indices of El Niño evolution. J. Climate, 14, 1697–1701, https://doi.org/10.1175/15200442(2001)014,1697:LIOENO.2.0.CO;2.
Troup, A. J., 1965: The ‘‘Southern Oscillation.’’ Quart. J. Roy. Meteor.
Soc., 91, 490–506, https://doi.org/10.1002/qj.49709139009.
Villarini, G., G. A. Vecchi, and J. A. Smith, 2012: U.S. landfalling
and North Atlantic hurricanes: Statistical modeling of their
frequencies and ratios. Mon. Wea. Rev., 140, 44–65, https://
doi.org/10.1175/MWR-D-11-00063.1.
Werner, A., and N. J. Holbrook, 2011: A Bayesian forecast model
of Australian region tropical cyclone formation. J. Climate, 24,
6114–6131, https://doi.org/10.1175/2011JCLI4231.1.
Westra, S., B. Renard, and M. Thyer, 2015: The ENSO-precipitation
teleconnection and its modulation by the Interdecadal Pacific
Oscillation. J. Climate, 28, 4753–4773, https://doi.org/10.1175/
JCLI-D-14-00722.1.
Wijnands, J. S., K. Shelton, and Y. Kuleshov, 2014: Improving the
operational methodology of tropical cyclone seasonal prediction in the Australian and the South Pacific Ocean regions. Adv.
Meteor., 2014, 838746, https://doi.org/10.1155/2014/838746.
——, G. Qian, K. L. Shelton, R. J. B. Fawcett, J. C. L. Chan, and
Y. Kuleshov, 2015: Seasonal forecasting of tropical cyclone
activity in the Australian and the South Pacific Ocean regions.
Math. Climate Wea. Forecasting, 1, 21–42, https://doi.org/
10.1515/mcwf-2015-0002.
——, ——, and Y. Kuleshov, 2016: Variable selection for tropical
cyclogenesis predictive modeling. Mon. Wea. Rev., 144, 4605–
4619, https://doi.org/10.1175/MWR-D-16-0166.1.
Wilks, D. S., 2011: Statistical Methods in the Atmospheric Sciences.
Vol. 100, Academic Press, 704 pp.
Williams, I. N., and C. M. Patricola, 2018: Diversity of ENSO
events unified by convective threshold sea surface temperature: A nonlinear ENSO index. Geophys. Res. Lett., 45, 9236–
9244, https://doi.org/10.1029/2018GL079203.

Unauthenticated | Downloaded 01/09/23 01:28 AM UTC

